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Abstract

In many applications of Al for Social Impact (e.g., when
allocating spots in support programs for underserved commu-
nities), resources are scarce and an allocation policy is needed
to decide who receives a resource. Before being deployed at
scale, a rigorous evaluation of an Al-powered allocation pol-
icy is vital. In this paper, we introduce the methods necessary
to evaluate index-based allocation policies, which allocate a
limited number of resources to those who need them the most.
Such policies create dependencies between agents, rendering
standard statistical tests invalid and ineffective. Addressing
the arising practical and technical challenges, we describe an
efficient estimator and methods for drawing valid statistical
conclusions. Our extensive experiments validate our method-
ology in practical settings while also showcasing its statistical
power. We conclude by proposing and empirically verifying
extensions of our methodology that enable us to reevaluate a
past randomized control trial conducted with 10 000 benefi-
ciaries for a mHealth program for pregnant women. Our new
methodology allows us to draw previously invisible conclu-
sions when comparing two different ML allocation policies.

1 Introduction

In treatment allocation, we have a limited number of interven-
tion resources. The challenge is to devise an allocation policy
that decides who gets a resource to maximize social welfare.
Treatment allocation finds applications in various domains,
particularly prevalent in underresourced communities. Ex-
amples include when (i) allocating scarce medical resources
such as medication (Ayer et al. 2019; Deo et al. 2013) or
screening tools (Lasry et al. 2011; Deo et al. 2015; Bastani
et al. 2021), (ii) scheduling inspection visits, e.g., for railways
(Gerum, Altay, and Baykal-Giirsoy 2019) and wind farms
(Yeter, Garbatov, and Soares 2020), or (iii) allocating spots
in support programs, e.g., after-school programs (Mac Iver
et al. 2019) or vaccination (Kehinde et al. 2024) and mHealth
programs (Verma et al. 2023b) in underserved communities.

Treatment allocation is a common problem in statistics and
economics (Kitagawa and Tetenov 2018), and Al methods
are increasingly used to solve treatment allocation problems
of societal importance (Killian et al. 2021, 2019; Kiinzel et al.
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2019; Bastani et al. 2021). Two common strategies are to
make allocations based on predicted individualized measures
of risk (Kent et al. 2016; Mac Iver et al. 2019) or treatment
effects (Kiinzel et al. 2019; Verma et al. 2023b). Both of these
and many other strategies can be captured by index-based
allocation policies. Given a fixed number of resources, these
policies first compute an index (e.g., engagement or risk) for
each individual and subsequently allocate the resources to the
individuals with the lowest index. While there is a rich body
of work on the design of such allocation policies (see refer-
ences above), we study the orthogonal problem of evaluating
the effectiveness of a policy using randomized control trials
(RCTs) (Hariton and Locascio 2018). The ability to quantify
the benefits of different index-based allocation policies is
crucial to deciding which policy should be deployed in the
field. This problem comes with novel technical and practical
challenges: Whether or not an individual gets selected for
treatment by an allocation policy depends on the other benefi-
ciaries in the population. The resulting dependence between
beneficiaries renders central assumptions behind standard
statistical tests invalid (see Section 3). Unfortunately, the
problem of evaluating allocation policies has received almost
no attention so far and is particularly prevalent in social do-
mains, where field trials have limited participants and are
expensive to conduct.

Bridging this gap, we provide the necessary tools to effec-
tively draw reliable statistical conclusions about the quality
of index-based allocation policies. We describe a new estima-
tor together with customized statistical inference techniques
and demonstrate its impact in the context of the large mobile
health program mMitra (Murthy et al. 2020) run by the In-
dian NGO ARMMAN in which an index-based allocation
policy was deployed. This program provides critical preven-
tive health care information to enrolled pregnant women and
mothers of infants from underserved communities. To pro-
mote engagement in the program, health workers can call a
limited number of beneficiaries each week to provide them
with additional information and guidance. The deployed pol-
icy for allocating these service calls has been developed and
refined over a series of papers (Mate et al. 2022; Verma et al.
2023b; Wang et al. 2023; Shah et al. 2024) and has impacted
more than 350K beneficiaries since deployment.

To establish the benefit of live service calls and inform
policy design, Mate et al. (2022) and Verma et al. (2023a)



conducted RCTs to evaluate the effectiveness of index-based
allocation policies based on different ML paradigms. They
use an intuitive standard estimator (Section 3), to which we
refer as the base estimator. Unfortunately, the estimator lacks
flexibility and suffers from low statistical power (see Sec-
tion 5), necessitating the repetition of RCTs due to small ef-
fect sizes and noise. Moreover, Mate et al. (2022) and Verma
et al. (2023a) note that their methodology comes without
empirical evidence or theoretical guarantees on the validity
of computed confidence intervals and drawn statistical con-
clusions, limiting the impact of their analysis and evaluation.
Addressing this challenge, in Section 4, we present the sub-
group estimator, which computes the average treatment effect
by comparing those who were selected by the policy in the
policy arm of the RCT to those the policy would have selected
in the control arm. While the base estimator requires the ex-
ecution of customized RCTs using the analyzed policy, our
methodology is also compatible with standard RCTs where
treatment is allocated uniformly at random. Translating ideas
from Imai and Li (2024), we prove that the subgroup and base
estimator are asymptotically normal and describe methods
for computing asymptotically valid confidence intervals for
evaluating and comparing policies.

In Section 5, we use synthetic and real-world data to build
simulators. We successfully verify that our asymptotic theo-
retical guarantees regarding the validity of confidence inter-
vals for our estimators empirically extend in various setups
and computed confidence intervals remain valid for as few as
500 agents or budgets of 100. Moreover, we demonstrate that
the subgroup estimator typically has a significantly higher
statistical power (up to a factor of 8) than the base estimator,
which allows us to draw many previously hidden conclusions.

In Section 6, we turn to a field trial conducted for the
mMitra program (Verma et al. 2023a), which has been so
far only evaluated using the natural, yet unvalidated, base
estimator. This has questioned the reliability of the previously
drawn conclusions regarding the usefulness of the deployed
resource allocation method for mMitra. Reevaluating the
field trial comes with additional practical challenges for our
methodology, e.g., accounting for the sequential allocation
of resources, measuring long-term intervention effects, and
dealing with imbalanced covariates. Addressing these chal-
lenges, we present extensions of our methodology and use
them to reevaluate the field trial. For the first time, we provide
reliable conclusions relevant to the NGO, e.g., we present the
long-sought proof for the benefit of their deployed machine
learning method for allocating interventions on improving
beneficiaries’ engagement in the program. ARMMAN has
already used our evaluation methodology in a recent study
on establishing the positive influence of Al-prescribed inter-
ventions on health outcomes (Dasgupta et al. 2024) and plans
to use it in future RCTs. Additional details and results can be
found in our full version (Boehmer et al. 2024).

2 Preliminaries
Let A = {0, 1} be the set of actions, where 1 is the active
action (treatment/intervention is given) and O is the passive
action (no treatment given). An agent ¢ € [n] is characterized
by covariates x; € X and a reward function R; : A — R that
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returns the reward generated by the agent given the action
assigned to it. Agents are drawn i.i.d. from a probability
distribution P defined over the space of covariates and reward
functions X x (A — R). If not stated otherwise, expectations
and probabilities are over groups of n agents sampled i.i.d.
from the probability distribution P. In this case, we write
X, 1= (Xi)ie[n) to denote the covariates of these n agents
and (R;);e[n) for their reward functions.

An allocation policy 7 gets as input the covariates X,, €
X" of n agents and a treatment fraction « and returns [an|
agents receiving the active action (alternatively, we could
specify the number of agents receiving a treatment). We de-

?'r(Xn 1“)

note as J; the indicator variable that denotes whether

agent ¢ € [n] gets assigned a treatment by policy T, i.e.,

JF X — 1if i € 7 (X,,, ). An index-based allocation
policy 7T is defined by a function Y : X — R mapping
covariates to an index. Given X,, € X" and a treatment frac-
tion a € [0,1], 7Y returns the [an] agents i € [n] with the
lowest index Y'(x;). Further, given X,, € X' and a threshold
A € R, let vT(X,,, \) return the agents i € [n] with an index
value Y (x;) smaller or equal to A. We refer to the policy that
acts on everyone in v as a threshold policy (which notably
does not satisfy the definition of an allocation policy, as the
number of agents that receive an active action is not fixed).

RCT Design In previous RCTs (Mate et al. 2022; Verma
et al. 2023a), treatment is allocated according to the evaluated
policy: We have access to the results of an RCT with a policy
arm (p) containing n agents (x}, RY);c[,, sampled i.i.d. from
P on which we run our policy 7. As the outcome, we ob-
serve (x, RY(J?));ejn), where JF = JTE) Moreover,
we have access to a control arm (c) of n agents (x§, Rf)ic[n)
sampled i.i.d. from P for which we observe (x§, R$(0))ic[n]-
Note that for both the control and policy arm, we naturally can
only observe the agent’s reward according to the action ap-
plied to them, while the counterfactual remains unobserved.

Statistics Notation An estimand is the quantity we want
to measure, and an estimator is a value that “approximates”
the estimand, computed from the available observed data.
Estimands’ names will always involve a 7, while estima-
tors’ names will always involve a 6. A sequence of random
variables (Aj,),>o with cumulative distribution functions
(Gn(a)), o converges in distribution to a random variable A
with cumulative distribution function G if lim,, o, G, (a) =
G(a) for all @ € R at which G is continuous, in which case

we write A, 4 A (for us, n will typically be the number of
samples we observe, i.e., the number of people in the RCT).
We denote as N (u, 02) the normal distribution with mean g
and variance o2. Let ¢, be the smallest number so that an
expected a-fraction of agents has an index below g, .

3 Challenges and Previous Work
We describe previous approaches for evaluating index-based
allocation policies, their shortcomings, and the work of Imai
and Li (2024) on which many of our ideas are built.

Previous Approach The approach taken in previous work
(Mate et al. 2022; Verma et al. 2023a; Mate et al. 2023) was



to estimate the average benefit an agent derives from being
a member of the policy arm instead of the control arm. This
translates to measuring the difference between the expected
reward generated by an (arbitrary) agent from the policy

and control arm: 7°%%¢(1) = L(E Yien] Ri(J»”(X”’O‘)) -

n,o n 7
E> ey 1i(0)). To estimate TP (), they compute the

difference in the observed generated reward of all agents in
the policy arm compared to all agents in the control arm:

~ 1
ghase 1y — ,( p(JP) c )
s =—( - RIUD =Y R©) (M
i€[n] i€[n]
To make this estimator consistent with our subgroup esti-
mator (Section 4.1), we rescale 6% and let 05%5° () =

ranyOnoe’ () be the base estimator. The work of Mate et al.
(2023) tries to improve upon the base estimator; however,
their methods do not allow for the computation of confidence
intervals that are necessary for hypothesis testing. In our full
version, we argue that our subgroup estimator works similarly
but comes with (valid) confidence intervals. Other previous
works on evaluating index-based allocation policies, e.g., the
works by Perdomo (2024) and Shirali, Abebe, and Hardt
(2024), either focus on different evaluation aspects or make
strong assumptions on the environment.

The Challenge of Dependent Samples The base estima-
tor A®*° has two main shortcomings: It suffers from low
statistical power, i.e., the estimator is quite “noisy” leading
to large confidence intervals and problems in distinguishing
between policies (see Section 5). Further, while this estimator
seems intuitive, there are no theoretical guarantees or empiri-
cal evidence that computed confidence intervals and drawn
statistical conclusions are valid (as acknowledged by Mate
et al. (2022) and Verma et al. (2023a)).

To understand these problems, let us consider the class
of threshold policies (Section 2), which make independent
decisions for every individual. Standard statistical inference
methods, which rely on the central limit theorem (CLT), can
be used for these threshold policies. The CLT says that the
sample mean of independent observations drawn from some
(arbitrary) distribution (as generated, e.g., by a threshold pol-
icy in an RCT) converges to a normal distribution. Estimates
of this normal distribution’s mean y and variance o2 can then
be used for estimating the variance of the estimator and, for
instance, to construct valid confidence intervals. However,
for resource allocation policies, the samples we observe in
the policy arm are no longer independent because an agent’s
treatment and, thereby, their observed reward depends on
the index values of other agents. This renders the standard
central limit theorem inapplicable. Consequently, statistical
tests such as Welch’s z-test, which rely on the CLT, are no
longer guaranteed to produce accurate statistical conclusions.
Thus, we face the challenge of computing valid confidence
intervals and p-values for policy evaluation.

Another consequence of the dependence between agents
is that if we apply an allocation policy to a group of n agents,
we only observe a single independent group sample; slightly
changing the composition of the group could change the treat-
ment allocation and thereby also the observed rewards (in
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contrast, for threshold policies, we would derive n fully inde-
pendent samples). Due to the resulting lack of independent
samples, we face the challenge of constructing estimators
that do not suffer from low statistical power (see Section 5).

Imai and Li (2024) We discuss recent work by Imai and
Li (2024), which does not make any explicit connections
to allocation policies and treatment allocation. Instead, it
is positioned in the growing body of work on estimating
conditional heterogeneous average treatment effects (CATEs)
of individuals based on their covariates (Wager and Athey
2018; Kiinzel et al. 2019; Kennedy 2023), applicable, for
instance, when making decisions on patients in precision
medicine. In fact, upon a closer inspection of this literature,
only the work of Imai and Li (2024) is closely related to our
problem, as they are the only ones that consider the average
treatment effects in groups of agents. While this problem is
not directly connected to allocation policies and their general
results cannot be directly applied to our setting, we will use
one of their lemmas making minimal assumptions on the
used index function to establish theoretical guarantees for
estimators for index-based allocation policies.

Imai and Li (2024) analyze how to estimate the average
treatment effect in groups of agents with similar CATEs. They
assume access to a standard RCT where everyone in the treat-
ment arm receives treatment, a setup that might be infeasible
if resources are scarce. Their methodology (adapted to our
setting) aims to estimate the average effect a treatment has
on agents with an index value below g, i.e., those agents
who belong to the expected a-fraction of agents with the low-
estindex: 73(Y) := Ex, r)y~p[R(1) — R(0) | T(x) < qa].
Alternatively, 72 can be interpreted as quantifying the effec-
tiveness of a policy that acts on everyone who has an index
below gq,,. Note that this is not an allocation policy because
it does not act on a fixed number of agents. To measure this
estimand, they take the difference between the summed re-
ward of the a-fraction of agents in the treatment arm with the
lowest indices and the summed reward of the a-fraction of
agents in the control arm with the lowest indices as the estima-

or: by (Zienr oxto B = Sicnrix o) BE(0) ). In
Lemma S2 appearing in Appendix S3 of Imai and Li (2024)
they show that this estimator converges to the estimand 72(Y)
ata \/ﬁ—rate, a result that will enable us to use their results
to establish guarantees in our setting.

4 Methodology

4.1 Subgroup Estimator

We propose a new estimand that quantifies the effectiveness
of a policy by measuring the average effect of one treatment
as prescribed by the policy. This is in contrast to the base
estimand 725 that measures the average effect of being an
agent in the treatment group (regardless of whether or not
you are treated). More concretely, for an allocation policy 7,
a treatment fraction «, and a group size n € N, we define

TRV () to be the expected additional reward generated by
an intervention allocated according to policy 7:
1
eV (m) = ——=E R;(1) — R;(0 2
M= e Y (R -RO)

iem(Xy,a)



TheW(1) is, up to rescaling, equivalent to TPa(r):

n,o n,o

() = (RS R(T) - 3 Ri(0)])
]

i€[n i€[n]

= LR[S (R - R0) + (R0~ ()] = e
iem(Xy,a) g (X, ,a)

The reason for this equivalence is that—in expectation—
agents on which we did not act in the policy arm cancel

out with the corresponding agents in the control arm.
Nevertheless, in the base estimator ¢ (which is 7Pase

after dropping the expectations), these agents will introduce

noise, as they will unequally influence the observed summed

reward of the two arms, i.e., the two sums in 625 (cf.
Equation (1)). This motivates us to “remove” them from the

estimation. The subgroup estimator allows us to do this. We

separately estimate the expected reward of agents selected

by the policy when treated and when not treated. For the

first part, we can use the agents selected by our policy in the

policy arm (for which we observe R;(1)), and for the second

part, the agents that would have been selected by our policy

in the control arm (for which we observe R;(0)). This results

in the subgroup estimator #5C which is equivalent to the

estimator used by Imai and Li (2024):

O (D IR AOED SR AC) T

ien(Xh,a) ien(XS,a)

In fact, it is easy to see that the expected value of the subgroup

estimator ]E[G,SL% ()] is equal to our estimand 7% (7).

Intuitive Differences between Estimators The base esti-
mator §25¢ treats the RCT arms as indecomposable units and
estimates the effect of treatments (allocated according to pol-
icy ) on the complete policy arm through a comparison with
the complete control arm. The idea of the subgroup estima-
tor 5C is to estimate the effect of treatments on the treated
agents by approximating their unobserved counterfactual be-
havior (when they did not get treatment) using the control
arm. For this, we view each agent as an individual sample and
compare the agents that received treatment in the policy arm
to those that would have received treatment under the policy
in the control arm. Thus, in contrast to the base estimator
gb25¢ the subgroup estimator 5% only takes into account the
agents “relevant” to our policy. Specifically, #5¢ ignores the
difference 3”0 xx ) 12} (0) =2 ign(Xe o) 15 (0) that does
not provide us with any insights regarding the effectiveness
of the policy and only adds noise to the estimator.

Base, Subgroup, and Hybrid Estimator The subgroup
estimator has a significantly lower variance than the base esti-
mator in our experiments from Section 5. In our full version,
we explain that there are corner cases where the situation is
reversed and present a hybrid estimator that combines the
two, thereby blending their strengths.

Flexible RCT Design Notably, the subgroup estimator §5¢

offers a flexible approach to RCT design. For instance, the
subgroup estimator enables us to run a standard RCT in which
everyone in the treatment arm is treated and only afterward
specify the index policies to be evaluated. This is in contrast
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to the base estimator #*° that can only be used with the
specific RCT design described in Section 2.

4.2 Causal Inference for Subgroup Estimator

An estimator that is often close to the estimand is insufficient
for valid causal inference. What is missing is a method to
quantify the estimator’s error, e.g., in the form of confidence
intervals, which allows one to draw high-probability conclu-
sions. This section addresses this gap and provides informal
results and ideas on how we can do asymptotically correct
inference for the subgroup estimator #°¢ (see our full ver-
sion (Boehmer et al. 2024) for details and proofs). The main
ingredient for performing inference with the subgroup esti-
mator 65 is to establish that it is asymptotically normal with
respect to our estimand 7"°V, i.e., the difference between the
estimator and estimand is distributed according to a normal
distribution. This allows us, for instance, to reason about the
“variance” of the estimator and, thereby, the probability that
the estimator’s error is above a certain threshold. To estab-
lish this result, using results from Imai and Li (2024) and
further observations, the general proof idea is to first show
that the subgroup estimator 65, (7™) is asymptotically nor-
mal with respect to 7$(T'). Subsequently, one can show that
73(T) converges “fast” to our estimand 7% (7 ) to con-
clude that the distribution of the estimators’s error converges
in distributon to a normal distribution:

Theorem 4.1 (informal). Under very mild assumptions,
V(055 (=i )/ Joz, 5 N(0, 1)

for some (TEG that can be computed from the results of an
RCT in closed form.

Note that we can use Theorem 4.1 to derive a formula for

asymptotically correct 3-confidence interval of 7,9 (7) as:

1= [92%(W)7217§\/%, 6’2%(#)+Zk§\/%} @)

where Z., is the  quantile of N'(0, 1). Asymptotically correct
here means that the estimand is in the confidence interval
I with probability converging to 1 — 3, i.e., P(7}%V () €
I)—1 — . Fortunately, in our experiments, we observe that
the confidence interval is approximately valid already for a
limited number of samples in different realistic settings.

In our full version, we discuss how Theorem 4.1 can be
used for computing p-values and comparing policies (using
the confidence intervals for the difference in their effects).

Inference for Base Estimator The proof of Imai and Li
(2024) cannot be applied to prove the asymptotic normality
of the base estimator 8°2%¢. Thus, we come up with an alter-
native, more generally applicable proof via empirical process
theory (van der Vaart and Wellner 2023) that allows us to
establish a result analogous to Theorem 4.1 for the base esti-
mator (and the hybrid estimator featured in Section 4.1). This
implies that the base estimator is asymptotically valid and
can be used for valid causal inference (yet, we will see that it
is inferior to the subgroup estimator in terms of its power).



Estimator

. Estimator
Domain Base Subgroup Domain
Base  Subgroup

<CI inClI >CI <CI inClI >CI

- Synthetic  0.426 0.178

Synthetic  0.027 0.952 0.021 0.036 0.935 0.029 TB 0.778 0.293

TB 0.024 0.946 0.030 0.031 0.947 0.022 mMitra  0.668 0221
mMitra  0.018 0.956 0.026 0.039 0.938 0.023

(a) Fraction of times the estimand is in, below (< CI), or above (> CI)
an estimator’s 95% confidence interval (over 1000 different RCTs).

(b) Half-width of confidence intervals (averaged
over 1000 RCTs).

Table 1: Empirical comparison of the confidence intervals of the different estimators. Both the base and subgroup estimators
produce approximately valid confidence intervals; however, the subgroup estimator’s confidence intervals are consistently smaller.

5 Experiments

We empirically analyze the base and subgroup estimator us-
ing the variance estimation techniques described in Section 4.
We are interested in (i) checking whether estimator’s confi-
dence intervals, whose asymptotic validity was established
in Section 4.2, remain valid in realistic settings, and (ii) com-
paring the statistical power of the estimators.

Setup We assume that each agent is modeled by a MDP
(Ayer et al. 2019; Verma et al. 2023a,b). We focus on adher-
ence settings with two states (‘good’= 1 or ‘bad’= 0) and
two actions (‘intervene’= 1 or ‘do not intervene’= 0), and
we obtain a reward of 1 for every timestep an agent is in the
good state. Our RCT arms consist of n = 5000 agents, and
we can intervene on 20% of them (o = 0.2). Agents transi-
tion between states according to a transition matrix 7', where
anentry T, specifies the probability of transitioning from
state s € {0,1} to s’ € {0, 1} when taking action a € {0, 1}.
We allocate the interventions in the first step. In subsequent
steps, we let agents transition between states using 7° and
collect rewards for another 9 time steps. We consider three
domains, differing in their transition matrices:
Synthetic Transition probabilities are sampled randomly
subject to T}, — T2, € [0,0.2] for each state s € {0,1}.
Medication Adherence (TB) This domain uses real-world
Tuberculosis medication adherence data from Killian et al.
(2019). For each agent, the data is used to fit their transi-
tion probabilities under the passive action. We then sim-
ulate the treatment effect, i.e., T, ; — T2}, in each state
s € {0, 1} by sampling uniformly at random from [0, 0.2].
Mobile Health (mMitra) We use real-world data from a
field trial (Mate et al. 2022) to evaluate the effectiveness
of service calls to improve engagements in the mHealth
program mMitra. Agents’ transition probabilities under
the active and passive action are learned from data.
We use the classic Whittle index (Weber and Weiss 1990),
the standard method to solve restless multi-armed bandits, to
quantify an agent’s intervention effect. We want to estimate
the effectiveness of this “Whittle Index” policy, focusing
on computing 95% confidence intervals. We compute our
estimand 77" via Monte Carlo simulation.

Validity (Table 1a) We check whether the confidence in-
tervals produced by our estimators are valid, i.e., whether the
computed 95% confidence intervals (which differ between
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runs of an RCT for one simulator) truly contain the estimand
(which is constant for each simulator) 95% of the times. Ta-
ble 1a confirms that both the base and subgroup estimators
produce approximately valid confidence intervals, with the
error (i.e., |95% —in CI|) being less than 1.5% in all domains.

Power (Table 1b) As both estimators are valid, we can
compare their power. We do this in Table 1b by comparing
the (half-)width of their confidence interval. The subgroup
estimator always produces tighter confidence intervals, with
their width being usually around a third of the base estima-
tor’s confidence interval across all three domains.

A Representative Example (Figure 1) It is hard to appre-
ciate the difference between estimators in the abstract. To
make the difference more concrete, we picked one represen-
tative RCT and show in Figure 1 the confidence intervals
computed by our estimators. As an example of how to read
these figures, note that the fact that the confidence interval of
the base estimator crosses the black vertical zero line in all
three domains implies that we cannot conclude that interven-
tions had a statistically significant positive effect using the
base estimator. Figure 1 also includes the random allocation
policy in red that assigns treatments uniformly at random to
20% of the agents (its confidence intervals can be correctly
computed using a standard Welch’s z-test). The subgroup
estimator allows us to draw otherwise impossible statistical
conclusions. In particular, for all three domains, based on the
results of the base estimator, we cannot conclude that there is
a statistically significant difference between the random and
Whittle policy (their confidence intervals overlap). In con-
trast, for the subgroup estimator, confidence intervals for the
TB and mMitra simulator are disjoint from the random ones.

Changing Hyperparameters In our full version (Boehmer
et al. 2024), we analyze the influence of different hyperparam-
eters. We vary the treatment fraction, the number of agents,
observed timesteps, intervention effect (for TB and synthetic),
and confidence level. The computed confidence intervals re-
main approximately valid for all considered variations—the
error for both estimators is always less than 3% and typically
around 1%. Regarding estimators’ power, the subgroup es-
timator outperforms the base one in all considered settings.
Yet, the extent varies: The difference is particularly large (up
to a factor of 8) if treatment resources are scarce, there are
only a few agents, agents are observed over a long period,
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Figure 1: A representative example of the size of confidence intervals. We compare different estimators for the effectiveness of
the Whittle policy (blue) and the random policy (red). The x-axis shows the average treatment effect. Vertical lines show the
estimand and a zero treatment effect (black). Each estimator’s point estimate is a dot, and their confidence interval is a line.

or the desired confidence level is high. The base estimator
can require group sizes ten times larger than the subgroup
estimator to achieve confidence intervals of similar size.

6 Real-World Study

We reevaluate the field trial of Verma et al. (2023a), starting
by presenting different required extensions of our method-
ology. This section not only demonstrates our real-world
impact on the mMitra program but also provides the method-
ology needed in other AI4SI applications.

6.1 Extended Methodology

We describe various extensions of our estimators addressing
common real-world challenges: (i) different RCT arms might
not be balanced in terms of agents’ covariates, (ii) effects are
measured over multiple timesteps, (iii) interventions are al-
located over multiple timesteps. Our extensions are no longer
covered by the techniques and guarantees from Section 4. We
use the standard Welch’s z-test to compute confidence inter-
vals; we empirically verify that this produces valid confidence
intervals using the same setup as in Section 5.

Covariates Mate et al. (2022) and Verma et al. (2023a)
used linear regression to correct for imbalances between
agents’ covariates in the RCT arms common in real-world
trials with limited arm sizes (Senn 2008; Kahan et al. 2014).
To correct the subgroup estimator for covariates, the idea
is to learn a linear function of covariates and a treatment
indicator variable to capture the agent’s reward. Formally, for
some agent ¢ let J; be the action that the agent received and
Zi1,---,Tim € R be the agent’s numerical covariates. We
can write the regression as R;(.J;) = k+BJ;+Y 1, Vit +
€;, where the coefficient 3 presents the average treatment
effect 77°V. We fit the regression over the a-fraction of agents
from the policy and control arm with the lowest indices, i.e.,
m(XP, ) U (XS, «). Note that previous work has used
the agent’s arm membership as the indicator variable, i.e.,
they replaced J; on the right side with the agent’s group
membership and fitted the regression over all agents.

Timestep Truncation A common scenario in treatment
allocation is to observe agents’ behavior for 7" timesteps after
treatments are allocated (and use their combined behavior as
the reward). Choosing this 7" is an impactful design decision

27854

for the evaluation. If we use a small 7" but intervention effects
last for more than 7" steps, we underestimate the additional
reward generated by an intervention, leading to a conservative
estimate. Conversely, if we pick large values of T, then the
variance in agents’ behavior will increase, leading to a larger
variance in our estimators—decreasing 7" shrinks confidence
intervals while simultaneously shifting them down.

Sequential Allocation In mMitra, interventions are allo-
cated over multiple timesteps, with the constraint that each
agent receives a resource in only one of them. Our subgroup
estimator admits a natural extension to this setting: We take
the difference between the summed reward of the agents from
the policy arm that received treatment and the summed re-
ward of the agents from the control arm that would have been
allocated treatment by the policy in one of the steps.

6.2 Real-World Maternal Health Domain

We conclude by re-evaluating a real-world RCT conducted
by Verma et al. (2023a). Their goal was to evaluate the effec-
tiveness of different sequential index-based allocation poli-
cies to allocate live service calls to boost participation in
ARMMAN’s mMitra program (see Section 1). They follow
a restless multi-armed bandits approach and use the classic
Whittle index (Weber and Weiss 1990). Each RCT arm con-
tains 3000 agents. 1800 agents are allocated service calls over
6 weeks. The reward generated by an agent is the agent’s en-
gagement in the program, i.e., the number of weeks in which
they listen to a substantial part of the week’s automated voice
message. Verma et al. (2023a) chose to end the evaluation of
their field trial after 10 weeks, i.e., the reward captures the
agents’ behavior for 10 weeks (including the 6 weeks where
treatments are assigned); however, their data also covers the
following weeks. Two index-based allocation policies are
studied: “ML Method 1~ is the baseline and “ML Method 2”
is their improved deployed approach for index computation.

Basic Results We first focus on the 10 weeks case as used
in the original study (i.e., the two leftmost plots for the case
with and without covariate correction). The first two rows in

"ML Method 1 first uses past data to learn a model for each
beneficiary and then solves the allocation problem using the Whit-
tle. In contrast, ML Method 2 follows a decision-focused learning
approach (Wang et al. 2023) and combines these two steps.
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Figure 2: Evaluation of RCT from Verma et al. (2023a). We show estimators’ point estimates as a dot and 95%-confidence
intervals as a line for different evaluation horizons with and without correcting for covariates. “Subgroup (First x weeks)” refers
to our subgroup estimator applied to all agents that (would) have been allocated a treatment up until week x.

each subfigure of Figure 2 show the results for the base and
subgroup estimator. We find that using the subgroup instead
of the base estimator and correcting for covariates leads to
smaller confidence intervals. None of the four methods can
establish a positive average effect for interventions as allo-
cated by ML method 1 (the lower bound of the confidence
interval is always smaller than 0). In comparison, for ML
method 2 the lower bound for all four methods is around 0.

Fine-Grained Analysis As 60% of agents received a call
throughout the trial, establishing a positive average interven-
tion effect (on this large subpopulation) can be quite chal-
lenging: While confidence intervals tend to decrease with
more agents getting treated, the effect of cleverly assigned
treatments decreases in the number of allocated treatments.?
This raises the question of whether service calls significantly
positively affect at least some of the 1800 agents receiving
them. With the previously used base estimator, answering
this question would require running multiple customized tri-
als (with varying treatment fractions and duration), as the
estimator treats the policy arm as one indecomposable unit.
However, the increased flexibility of the subgroup estimator
allows us to address the question without rerunning the RCT.
For each x € [1, 5], we can estimate the average effect of a
service call on agents called in one of the first z weeks by
comparing their reward to the reward of agents that would
have been called in the control arm in one of the first  weeks.

Turning to the results (rows three to seven), for ML method
2, we conclude statistically significant positive intervention
effects for agents called in one of the first x weeks for
x € [1,5], irrespective of whether we correct for covari-
ates. Note that for x = 1 and no correction, we recover the
single-round setting from Section 4. Thus, the conclusion
that interventions—as prescribed by ML method 2—have

The high treatment fraction also partly explains the previously
mentioned similarity between the two estimators, as the higher the
treatment fractions, the more similar the two estimators become.
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a statistically significant effect on agents called in the first
week is theoretically backed by our proofs from Section 4.
This provides proof that the NGO’s interventions have a sta-
tistically significant impact on listenership for (at least) some
beneficiaries identified by ML method 2. Moreover, when cor-
recting for covariates, service calls allocated in the first weeks
by ML method 1 also have a statistically significant effect.

Enabling Smaller Budgets Verma et al. (2023a) allocated
treatment to many agents because the base estimator has an
enormous variance and suffers from extremely low statistical
power when the treatment fraction is low. Thus, looking at
the average effect on the 1800 agents is, in some sense, the
best one can do with the base estimator. However, the sub-
group estimator performs well even if the budget is small.
As aresult, it allows us to run RCTs with much lower costs,
which are easier to run in underresourced communities and in
which higher average intervention effects are present. More-
over, this also ensures a better alignment of the evaluation
with potential real-world deployment, during which fewer
resources might be available than during the RCT.

25 Week Evaluation Moving from observing beneficiaries
for 10 weeks to 25 weeks has significant consequences. As
featured in Section 6.1, this allows us to measure the actual
long-term impact of treatment (thereby increasing the value
of the estimator), while concurrently leading to (much) larger
confidence intervals. However, despite this increase in the
size of the confidence intervals, this leads to an increase in
the lower bounds of confidence intervals here. As a result,
for a confidence level of 95%, using 25 instead of 10 weeks
allows us to establish up to 50% larger effect sizes, e.g., for
the first three weeks for ML method 2 without covariate cor-
rection. This enables the previously unknown conclusion that
intervention effects in mMitra seem to be long-lasting. Using
our methodology to obtain such insights for other Al for So-
cial Good programs will empower domain partners to make
informed decisions toward the deployment of Al models.



Ethics Statement

While this paper focuses on evaluating the “effectiveness”
of index policies in terms of their total treatment effect, we
would like to point out that before deployment index poli-
cies should also be assessed with regards to fairness and
algorithmic bias aspects to ensure that they do not favor cer-
tain individuals or groups, potentially reinforcing existing
inequalities.

With regards to the real-world study conducted by Verma
et al. (2023a) and discussed in Section 6, we would like to
remark that the used data are from fully anonymous datasets.
Beneficiaries consented to data collection, and collection and
sharing were done with approval by ARMMAN’s ethics re-
view committee and ethics review board. Our experiments
constitute a secondary analysis of the data. Moreover, regard-
ing the above-mentioned fairness considerations, previous
research (Verma et al. 2023b, 2024) has examined the fairness
of the deployed policy discussed in Section 6, demonstrating
that it prioritizes the most vulnerable populations.
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